We consider nine different proxies (issued amount, listed, euro, on-the-run, age, missing prices, yield volatility, number of contributors and yield dispersion) to measure corporate bond liquidity and use a four-variable model to control for interest rate risk, credit risk, maturity and rating differences between bonds. The null hypothesis that liquidity risk is not priced in our data set of euro corporate bonds is rejected for eight out of nine liquidity proxies. We find significant liquidity premia, ranging from 13 to 23 basis points. A comparison test between liquidity proxies shows limited differences between the proxies. Ó 2004 Elsevier B.V All rights reserved.
Introduction
The effect of liquidity on bond yields has been frequently studied in the recent finance literature. Since liquidity is a rather subjective concept, a lot of measures have been proposed to approximate the extent to which a bond is liquid or illiquid. For corporate bonds, where most transactions occur on the over-the-counter market, direct liquidity measures (based on transaction data) are often not reliable and difficult to obtain. Therefore, researchers resorted to indirect measures (ÔproxiesÕ) that are based on bond characteristics and/or end-of-day prices. This paper makes a number of contributions to this literature on measuring corporate bond liquidity. First, we pay great attention to control for other sources of risk than liquidity to properly identify the premium that is associated with liquidity risk. As far as we know, this is the first study in this strand of the literature to use the well-known Fama and French (1993) two-factor bond-market model to control for interest rate and credit risk and to augment it with individual bond characteristics, rating and maturity, as recommended by Gebhardt et al. (2001) . Second, we do not make a subjective choice of which liquidity proxies to work with, but implement as much of the proxies proposed in the literature as possible on our data set. We evaluate the relative performance of all proxies, employing a method recently applied by Goldreich et al. (2002) on Treasury bonds. Third, the vast majority of empirical papers on sovereign and corporate bond liquidity studied data from the United States and relatively little is known about the extent to which these results apply to the euro market. Although euro corporate bond data were also studied by other authors, including Annaert and De Ceuster (1999) , McGinty (2001) and Díaz and Navarro (2002) , none of them analyzed the euro corporate bond market using data on individual bonds over a substantial time period.
We use the Brennan and Subrahmanyam (1996) methodology of liquidity-sorted portfolios to test whether liquidity is priced in the euro-denominated corporate bond market. We use nine proxies for bond liquidity: issued amount, listed, on-the-run, euro, age, missing prices, yield volatility, number of contributors and yield dispersion; see Section 3.4 for a detailed description. For each liquidity proxy, we construct P, mutually exclusive portfolios by sorting all bonds on their value of the liquidity proxy and assigning the first 100/P% of the bonds to portfolio 1, the next 100/P% to portfolio 2, and so on, until the last 100/P% of the bonds are assigned to portfolio P. The P time series of portfolio yields are subsequently used in two regression models. In the first model, each portfolio has a constant liquidity premium. In the second model, the liquidity premium is time-varying and a function of the size of liquidity proxy. In both models, the null hypothesis states that the portfoliosÕ liquidity premiums are jointly equal to zero. We use a detailed data set consisting of daily yields of individual corporate bonds which are denominated in euros or in one of the currencies of the euro-participating countries (ÔlegacyÕ currencies). The results for the first regression model indicate that the null hypothesis of no liquidity premium is rejected for eight out of nine liquidity proxies. So, we find strong evidence of priced liquidity. For the second model, the null hypothesis of no liquidity effects is even always rejected. To determine the relative effectiveness of the different liquidity proxies, we run a series of regressions with pairwise combinations of the liquidity proxies, as proposed by Goldreich et al. (2002) . This allows us to rank the different liquidity proxies we consider. The results of the tests point out that no proxy stands out from the rest.
The remainder of this paper is structured as follows. Section 2 gives an overview of the methodologies and results of the empirical liquidity literature. Section 3 describes how we control for other sources of risk than liquidity risk and how we estimate the liquidity premium. This section also describes the portfolio construction and our nine liquidity proxies. Next, Section 4 describes the data that are used to test the hypotheses of corporate bond liquidity. Section 5 presents the results from the model implementation. Finally, Section 6 summarizes the paper.
Literature
Both theoretical and empirical evidence demonstrate that liquidity risk is priced in security markets. The market microstructure models of Amihud and Mendelson (1986) , Boudoukh and Whitelaw (1993) and Vayanos (1998) show that transaction costs cause liquidity differences between securities, and that illiquid securities have higher expected rates of return than liquid securities.
For equity markets, empirical evidence on priced liquidity risk is provided by, e.g., Amihud and Mendelson (1986) , Brennan and Subrahmanyam (1996) , Haugen and Baker (1996) , Brennan et al. (1998) , and . For bond markets, a substantial part of empirical studies analyzed data from the US Treasury market, where bonds are issued on a regular basis and price data are easily available. Also, controlling for other sources of risk than liquidity risk is relatively easy in this market, because credit risk is not an issue. To control for interest rate risk, authors have used several approaches. The first approach is to create pairs of zero-coupon bonds with exactly the same maturity date; this fully eliminates interest rate risk. Amihud and Mendelson (1991) , Kamara (1994) and Strebulaev (2001) used this method to test for liquidity differences between US Treasury notes and bills; Fleming (2002) compared US Treasury bonds with small and large outstanding amounts. The second approach is to form triplets of coupon bonds, which, with suitable bond weights, also eliminates interest rate risk. Elton and Green (1998) used this method to examine yield differences between bonds with high and low trading volume. Another frequently used approach is to analyze the yield difference between the on-the-run (most recently issued) bond and off-the-run (older) bonds; this will, however, leave a small maturity gap between the bonds. Warga (1992) , Goldreich et al. (2002) and Krishnamurthy (2002) used this method on US Treasury data and Whitelaw (1991, 1993) on Japanese data. All papers mentioned above, except Strebulaev (2001) , found statistically significant liquidity premiums.
Research on corporate bond liquidity is substantially more difficult, because of the presence of credit risk and the smaller number of bonds per issuer. A strategy of matching bonds by maturity and issuer, similar to the Treasury studies above, will typically generate too few observations. As far as we know, there is only one study that successfully applied this approach: Crabbe and Turner (1995) analyzed pairs of new issues, issued by the same borrower, with identical issue and maturity dates, but with different issue sizes. The most popular approach is to regress yields (and occasionally bid-ask spreads or trading volumes) of individual corporate bonds on a range of proxies for interest rate, credit and liquidity risk. Examples of studies that used this method include Gehr and Martell (1992) , Shulman et al. (1993) , Chakravarty and Sarkar (1999) , Alexander et al. (2000) , Hong and Warga (2000) , CollinDufresne et al. (2001) , Ericsson and Renault (2001) , Schultz (2001) , Díaz and Navarro (2002) , Elton et al. (2002) and Mullineaux and Roten (2002) . Remarkably, all papers studied US data, except Díaz and Navarro (2002) who studied Spanish corporate bonds. Cornell (1992) , Fridson and Jonsson (1995) and Annaert and De Ceuster (1999) used similar regression approaches, but on indices of US mutual funds, US high yield bonds and euro investment grade bonds, respectively. Finally, McGinty (2001) analyzed one month of euro corporate bond data using scatter plots and tables. All papers mentioned above, except for Gehr and Martell (1992) and Crabbe and Turner (1995) , found evidence of significant liquidity premiums for at least one liquidity proxy.
To summarize, almost all empirical papers on bond liquidity found significant liquidity effects for government and corporate bonds. However, none of the studies used the portfolio-based testing methodology often employed in the literature on equity liquidity. Moreover, although there is ample research on the US market, the evidence for euro-denominated bonds is limited to papers that study index data (Annaert and De Ceuster, 1999 ), a small sample period (McGinty, 2001) or data from one country (Díaz and Navarro, 2002) .
Methodology
This section describes the methodology used to test whether liquidity risk is priced in the euro-denominated corporate bond market. First, we explain how we control for other sources of risk than liquidity risk using Fama and French (1993) and Gebhardt et al. (2001) . Next, we describe the implementation of our models and the Goldreich et al. (2002) method to compare different liquidity proxies. Finally, we present our liquidity proxies.
Controlling for other sources of risk
In measuring a securityÕs liquidity premium, it is important to realize that the securityÕs expected return is not only affected by liquidity risk but also by other sources of risk. Theory (like the reduced form credit risk models following Jarrow and Turnbull, 1995) nominates two risk factors: (i) interest rate risk and (ii) credit risk. We use the Fama and French (1993) bond-market model as a starting point to proxy for interest rate and credit risk. They found two risk factors that explained over 90% of the variation in realized excess returns on corporate bond portfolios; the excess return was defined as the portfolio return minus the one-month Treasury rate. The first risk factor was calculated as the long-term Treasury bond return minus the one-month Treasury rate at the end of the previous period. Thus, this slope factor should explain variations in excess bond returns by changes in the slope of the Treasury yield curve. The second factor was defined as the return on a market portfolio of long-term corporate bonds minus the long-term Treasury bond return. This credit factor was therefore related to the likelihood of credit events in the corporate bond portfolio.
Unlike Fama and French (1993) , we do not use a bondÕs realized return as proxy for its expected return, but, following the bond liquidity literature, we use the bondÕs yield-to-maturity. 3 The advantage of yields is that they are forward-looking, while realized returns are backward looking. In all regressions, we thus replace the excess realized return by the excess yield, which is defined as the yield minus the short-term default-free rate.
A second modification to the Fama-French model concerns the choice of the default-free interest rate curve, which is required to calculate the excess yields and the two risk factors. Instead of using the government curve, we use the swap curve. Our motivation is that since the end of the 1990s, fixed-income investors have moved away from using government securities to extract default-free interest rates and started using interest rate swap rates instead; see also Golub and Tilman (2000) and Kocić et al. (2000) . In Section 5.1, we test both proxies for default-free rates. Gebhardt et al. (2001) looked at the validity of the Fama-French bond-market model by analyzing whether individual bond characteristics could rival the two Fama-French factors. Three characteristics were considered: rating, duration and Altman (1968) Z-scores. They concluded that both Fama-French factors and bond characteristics were important in explaining bond yields and recommended a model containing four variables: the Fama-French slope and credit factors, rating and duration. In Section 5.2, we show that for our data set these four characteristics are also relevant. 4 Therefore, our null model to control for other sources of risk consists of four variables: two Fama-French factors and two characteristics; the model is described formally in Section 3.2. Clearly, all our conclusions about the relation between liquidity and bond yields are based on the assumption that our four-variable pricing model correctly and fully controls for interest rate and credit risk; see also Dimson and Hanke (2001). 5 To the best of our knowledge, no other paper in the liquidity literature has employed both the Fama-French factors and individual bond characteristics to control for other sources of risk. One paper, Ericsson and Renault (2001) , used the FamaFrench factors, but not the characteristics; several papers made use of the rating and maturity characteristics, including Alexander et al. (2000) , Hong and Warga (2000) and Mullineaux and Roten (2002) , but not of the Fama-French factors; most papers used a list of ad-hoc proxies.
Models
Unlike prior papers on bond liquidity, we do not estimate our models on individual bonds, but on constructed portfolios, like in the equity literature; see e.g. Amihud and Mendelson (1986) , Brennan and Subrahmanyam (1996) and Haugen and Baker (1996) . Specifically, we follow Brennan and Subrahmanyam (1996) by creating liquidity-sorted portfolios and testing whether the constructed portfolios have significantly different yields, while controlling for other sources of risk as described above. From the literature, we collect nine liquidity proxies, which are detailed in Section 3.4. For each proxy i, we create P mutually exclusive portfolios as follows (the choice for P will be discussed at the end of this section).
Every two weeks, we order all bonds in the sample by their value of liquidity proxy i; only bonds that have already been issued and have not yet matured on that date are used in the ordering. Then, we assign the first 100/P% of the bonds to portfolio 1, the next 100/P% to portfolio 2, and so on, until the last 100/P% of the bonds are assigned to portfolio P. The sort order is chosen such that portfolio 1 contains the bonds that proxy i hypothesizes to be the most liquid and portfolio P the most illiquid. Every day we calculate the yield of each portfolio as the unweighted average of the yields of the bonds that make up the portfolio. A bondÕs yield is determined as follows: if the bond is not quoted, we disregard it for that day; if it is quoted by one pricing source, we use that yield; if it is quoted by more than one pricing source, we use the average quote. For each proxy i, we have now created P time series of portfolio yields.
As in Brennan and Subrahmanyam (1996) , the time series are used in two regression models. In the first model, each portfolio has a constant liquidity premium. Formally, model 1 is as follows: The disturbance terms are allowed to be heteroscedastically distributed and crosssectionally correlated, but we do assume that they are uncorrelated across time. To correct for possible autocorrelations in the disturbances, we apply the Newey and West (1987) estimator for the covariance matrix. For proxy i, we estimate all 3P + 2 coefficients ða
Þ for all P portfolios simultaneously with Feasible Generalized Least Squares (FGLS) as a system of seemingly unrelated regressions (SUR); see e.g. Greene (2000, Chapter 15) .
To test the null hypothesis that proxy i has no liquidity premium, or in other words, that the two Fama-French factors and the two portfolio characteristics fully explain the bond yields, we use a Wald test to determine the joint significance of the intercepts:
In the second model, we change the functional form of the liquidity premium: all portfolios share a common intercept and a portfolio-specific liquidity variable is added to the regression equation. Formally, regression model 2 reads
where the definitions of the Fama-French factors, the portfolio characteristics and the assumptions on the disturbances are equal to those in Eq. (1) and L i pt is the value of the liquidity proxy for the pth proxy-i portfolio on day t in deviation from its daily average; so, if l i pt denotes the value of the liquidity proxy, and l i t is its daily average, i.e.
We have chosen this normalization of the liquidity proxy to correct for a possible change in the mean during our sample period. For example, the average amount outstanding has risen from €353 million on the first day of our sample to €434 million on the last day.
In Eq. (2), the portfolio-specific intercepts of Eq. (1) have been replaced by a single intercept and an additional regressor has been introduced that contains a proxy for portfolio pÕs liquidity. This changes the functional form of the liquidity premium: the constant liquidity premium of a i p in model 1 has been replaced by a time-varying
pt that is linear in the value of the liquidity proxy (in deviation from its mean). Here, the null hypothesis of no liquidity effect is tested with a Wald test on the joint significance of a i and
The test statistic is asymptotically v 2 -distributed with 2 degrees of freedom. The joint hypothesis problem discussed in footnote 7 also applies here.
We now discuss the choice for the number of portfolios P for both models. For model 1, we create two portfolios for each liquidity proxy. This gives an intuitive interpretation of portfolio 1 as the Ôliquid portfolioÕ and portfolio 2 as the Ôilliquid portfolioÕ. Moreover, the difference a i 2 À a i 1 between the two intercepts can be interpreted as the yield premium investors get for bearing liquidity risk caused by proxy i. In model 2, we have to estimate the slope coefficient d i , i.e. the relation between a portfolioÕs value for liquidity proxy i and its excess yield. Clearly, two portfolios would be insufficient to estimate a slope. However, using Ôtoo muchÕ portfolios diminishes the power of the Wald test; see Lys and Sabino (1992) . From their Fig. 1 , it follows that if the portfolios contain approximately 25% of the bonds, the power of the test of no relation between the liquidity proxy and the excess yield is maximized. Therefore, we use four portfolios for model 2.
Comparison
Given the large number of liquidity proxies that has been proposed in the literature, a natural question to ask is whether all proxies are equally suited to proxy bond liquidity or if some proxies work better than others. We follow Goldreich et al. (2002) by running a series of regressions with pairwise combinations of the liquidity proxies. For each combination (i, k) of proxies, we estimate a regression like Eq. (2) for proxy i, augmented with proxy k:
where L ik pt is the value of liquidity proxy k for the pth proxy-i portfolio in deviation of its daily average. Further, the coefficients are defined and disturbances behave as in Eq. (1).
In this regression equation, 8 we test for the significance of d ik . If it is significant, we say that Ôk adds explanatory power to iÕ, and otherwise we say that Ôk is subsumed by iÕ (this follows the terminology in Goldreich et al. (2002) ). By repeating this procedure for all possible combinations, we can count the number of times a proxy adds 8 Goldreich et al. (2002) first orthogonalized the values of proxy k relative to proxy i and used the orthogonalized values in Eq. (3) instead of L ik pt . This is not necessary, since, by the Frisch-Waugh theorem (see e.g. Greene, 2000, Section 6.4.3) , the regression already ÔautomaticallyÕ does this for us.
power to another proxy, and the number of times a proxy subsumes another proxy. This allows us to rank the different liquidity proxies we consider.
Liquidity proxies
Empirical papers that examined liquidity in bond or equity markets used both direct measures (based on transaction data) and indirect measures (based on bond characteristics and/or end-of-day prices). Examples of direct liquidity measures are quoted bid-ask spreads, effective bid-ask spreads, quote sizes, trade sizes, quote frequencies, trade frequencies and trading volume. For corporate bonds, where most transactions occur on the over-the-counter market, these direct measures are often not reliable and difficult to obtain. Therefore, we use indirect liquidity proxies instead. By searching the theoretical and empirical liquidity literature, we found nine liquidity proxies that can be implemented on our data set.
9 Table 1 shows which papers used which proxies and the effects they found; three proxies, euro, missing prices and yield dispersion, are not mentioned in this table, because they were not used in previous studies. We will now discuss each proxy in more detail, elaborating on their interpretation, their expected effect on bond yields and theoretical and/or empirical evidence.
Issued amount
The issued amount of a bond is often assumed to give an indication of its liquidity. Most investment banks use it as liquidity criterion in building their bond indices; for example, Lehman Brothers uses this criterion for their Euro-Aggregate Corporate Bond index. Its use was first proposed by Fisher (1959) , who claimed that large issues should trade more often, so that the proxy issued amount is actually a proxy for the direct liquidity measure trading volume. Since Fisher, several alternative hypotheses have been put forward that also predict a positive effect of issued amount on liquidity (and thus on bond prices). In market microstructure models, like Smidt (1971) and Garman (1976) , transaction costs arise, because dealers hold inventories. Further, dealersÕ inventory costs are higher if it is more difficult to obtain information about a security and if the expected holding time is longer. Crabbe and Turner (1995) subsequently reasoned that large issues may have lower information costs, since more investors own them or have analyzed its features; similarly, information about small issues may be less broadly disseminated among investors. Therefore, small issues will have a higher yield due to an illiquidity premium. Another frequently heard argument, for instance in Sarig and Warga (1989) and Amihud and Mendelson (1991) , is that bonds with smaller issued amounts tend to get locked in buy-and-hold portfolios more easily, reducing the tradable amount and thus their liquidity. To summarize the above, we hypothesize a negative effect of issued amount on yields. Table 1 shows that many empirical papers considered issued amount as liquidity proxy. The papers on Treasury bonds found negative and mostly significant effects, so that larger Treasury issues have lower yields, as expected. Research on corporate bonds is inconclusive, though: both negative and positive coefficients are observed. McGinty (2001) confirmed this by showing that even though most large issues in = Alexander et al. (2000) , AM91= Amihud and Mendelson (1991) c EMU = European Monetary Union, US = United States. d JMP02 considered 6 countries: Austria, France, Germany, Italy, Spain and The Netherlands. e We used the price discounts in KU00Õs Table 2 to calculate the impact of maturity on yields.
his corporate bond sample were liquid, some large issues were illiquid and some small issues were liquid. Alexander et al. (2000) reasoned that companies whose equity is listed on a stock exchange must disclose more information than privately held companies. According to the market microstructure models mentioned above, the costs of making a market in bonds of listed firms should thus be smaller. Therefore, we hypothesize that the proxy listed is associated with higher liquidity and lower yields.
Listed
Since Alexander et al. (2000) were the only authors to use the liquidity proxy listed, the empirical evidence is limited to their results. Contrary to their expectations, they found that issues of private firms trade more actively and thus are more liquid than issues of listed firms. Their explanation of this result was that for private firms debt is the only investment vehicle, while for public firms both debt and equity are traded; therefore, debt of private firms might trade more and have higher liquidity.
Euro
The next liquidity proxy is whether a corporate bond is denominated in euros or in one of the legacy currencies. The market generally sees legacy bonds (i.e. denominated in one of the currencies of the euro-participating countries) as the less liquid ones, because these bonds are relatively old, not well known to the bond investors and more difficult to trade. The predicted sign of the proxy euro is thus higher liquidity and lower yields. This bond characteristic splits the corporate bond sample into two excluding groups: euro bonds and legacy bonds. To our best knowledge, no other papers have implemented this liquidity proxy.
On-the-run

10
In general, on-the-run, or most recently issued, bonds are considered to be the most liquid bonds, in contrast to off-the-run or older bonds, as market participants often focus their attention on younger bonds. For each issuer, we define the bonds that are issued most recently as on-the-run bonds and the remaining, older bonds as off-the-run bonds. In case an issuer has issued only one bond, we define this bond as an on-the-run bond. 11 We test the hypothesis that on-the-run bonds have a higher liquidity, and consequently a lower yield, than the off-the run bonds.
This liquidity proxy has been implemented in the empirical literature, as Table 1 displays, but only for Treasury bonds. All papers found a positive and statistically 10 We thank an anonymous referee for this valuable suggestion. 11 By definition, the distinction between on-the-run and off-the-run bonds is related to age. Yet, portfolios that are constructed with the help of each proxy do differ. Using the liquidity proxy on-the-run, only bonds possessing this feature, thus both old and young, end up in the liquid portfolio, whereas applying the liquidity proxy age the liquid portfolio is only composed of young bonds, both on-the-run and off-the-run. significant effect of on-the-run. As far as we know, no prior papers implemented this proxy on corporate bonds.
Age
The age of a bond is a popular proxy for its liquidity. Sarig and Warga (1989) observed that as a bond gets older, an increasing percentage of its issued amount is absorbed in investorsÕ buy-and-hold portfolios. Thus, the older a bond gets, the less trading takes place, and the less liquid it becomes. Moreover, once a bond becomes illiquid, it stays illiquid until it matures. McGinty (2001) and Schultz (2001) also noted that new issues trade more than old issues. McGinty mentioned lead managersÕ commitment to making market in the newly issued bond. Schultz pointed out that new issues are typically under priced, so that traders buy bonds after the offering and sell them shortly thereafter. Following these arguments, we hypothesize a positive relation between age and yield.
Empirical research strongly confirms the positive effect of age on yields; see Table  1 . This finding holds for corporate and sovereign bonds and for US and European data sets. Moreover, Schultz (2001) found evidence for the argument by Sarig and Warga (1989) , since in his sample most bonds were bought and not sold; in other words, the bonds were put in buy-and-hold portfolios.
Market practitioners often use a threshold value to determine if a bond is ÔoldÕ or ÔyoungÕ: for some T, they mark all bonds with an age smaller than T as ÔyoungÕ and an age larger than T as ÔoldÕ. Some academic papers also use such a dichotomous approach for the liquidity proxy age. For instance, Alexander et al. (2000) set T = 2 years, Ericsson and Renault (2001) used T = 3 months, and Elton et al. (2002) employed a threshold value of 1 year. To determine which threshold values give a useful division of bonds, we estimate model 1 from two portfolios, where portfolio 1 contains all bonds younger than T months and portfolio 2 older than T months, for T = 2, 4, . . ., 30. The difference a 2 À a 1 between the portfolio intercepts, i.e. the liquidity premium between old and young bonds, and the significance of the Wald test on H 0 : a 2 À a 1 = 0 are displayed in Fig. 1 . Thresholds from 4 to 24 months give rise to a significant liquidity premium, while the 2-month threshold and thresholds larger than 24 months do not. The division between young and old bonds seems to be the strongest for a threshold of 14 months, where the premium equals 36 bps. For the remainder of this study, we arbitrarily use a threshold of 1 year for the proxy age, although any other value between 4 months and 2 years could also be used.
Missing prices
The occurrence of Ôprice runsÕ and missing values is our first liquidity proxy that uses market information. Sarig and Warga (1989) argued that if the liquidity of a bond is sufficiently low, it may happen that on some business days there is virtually no trading in that bond. In their data set, this was recorded as a Ôprice runÕ: two consecutive prices for a bond were identical. We extend their notion of illiquidity by considering not only the occurrence of a price run, but also the occurrence of a missing value, since in both cases there is no activity in that bond on that day. We will jointly refer to these events as the proxy missing prices. We hypothesize a positive relation between missing prices and yield.
Yield volatility
The proxy yield volatility is a measure of yield uncertainty. In the market microstructure models discussed above, dealersÕ inventory costs are higher if information uncertainty is higher. An important source of uncertainty is related to the predictability of future yield movements. Therefore, we hypothesize that a higher yield volatility leads to larger bid-ask spreads, and thus to lower liquidity and higher yields.
The empirical evidence for yield uncertainty as liquidity proxy is mixed; see Table  1 . Shulman et al. (1993) used price volatility as proxy for price uncertainty and found a significantly positive effect on bond spreads. Hong and Warga (2000) proxied uncertainty with squared price return and estimated a positive and significant coefficient in a regression using bid-ask spread as dependent variable; this also implies a positive effect of uncertainty on bond yields. Alexander et al. (2000) approximated uncertainty as the average of absolute price returns; in their regressions, they found a significant, positive effect on trading volume, implying a negative relation between uncertainty and yields.
Number of contributors
The number of contributors is our following proxy for a bondÕs liquidity, and the first that uses quote composition information. In Ericsson and Renault (2001) , a larger number of active traders competing for the same bond leads to a smaller price discount for illiquidity and thus a smaller yield premium. Alternatively, Gehr and Martell (1992) and Jankowitsch et al. (2002) argued that a larger number of market participants makes it easier to trade a bond, because it is easier to find a counter party for a transaction and large orders can be split up into smaller parts without affecting the market price. Either way, we hypothesize a positive relation between the proxy number of contributors and liquidity and therefore expect a negative effect of this proxy on bond yields. Direct empirical evidence on the number of contributors liquidity proxy is limited. Jankowitsch et al. (2002) found that bonds with more contributors have lower yields for all but one of the six European countries they analyzed. Indirect evidence is provided by Schultz (2001) , who showed that there was a positive relation between the number of trades in a bond and the number of dealers as counter parties. Further, the results of Gehr and Martell (1992) showed a negative, though insignificant effect of the number of dealers on the bid-ask spread.
Yield dispersion
Our final liquidity proxy, yield dispersion, reflects the extent to which market participants agree on the value of a bond. Tychon and Vannetelbosch (2002) derived a model that predicts that if investors have more heterogeneous beliefs, the liquidity premium is larger. The inventory costs argument, mentioned above, applies here as well, since dealers face more uncertainty if prices show a larger diffusion among contributors. Either way, we hypothesize a positive relation between dispersion and bond yields.
We proxy this notion of liquidity with a yield dispersion statistic, which has not been used before in the literature, as far as we know. We define the yield dispersion of bond b on day t as the standard deviation of percentage yield differences relative to the mean:
where y bts is the yield quoted by pricing source s, y bt is the average yield and n bt is the number of contributors. This proxy can only be calculated if we have at least two quotes for a bond on a particular day, i.e. if n bt > 1. Table 2 gives details on the calculation of each liquidity proxy. It also shows the expected sign of the proxy. To get the l i pt variable of Section 3.2, we multiply proxies with a negative expected sign by À1. After this transformation, the d i coefficient of model 2 is hypothesized to be positive for all proxies; this facilitates checking the results with the hypotheses. Finally, the table shows the order in which bonds are put in the portfolios: the first portfolio always contains the bonds that are hypothesized to be most liquid, the last portfolio contains bonds that we expect to be most illiquid.
Application
As described in Section 3.2, every two weeks the portfolios for each liquidity proxy are rebalanced according to each bondÕs value for that proxy. For the proxies issued amount, listed, euro (which are fixed characteristics of a bond), for on-the-run (which alters due to new issuance) and for age (which changes only gradually over time), we use the value of the liquidity proxy on the rebalancing date. For the proxies missing prices, number of contributors and yield dispersion (which depend on daily market information), we use the average value over the two weeks prior the rebalancing date. For the proxy yield volatility (which also depends on daily information), we calculate the standard deviation of the observed yields over the two weeks prior to the rebalancing date. If for a particular bond it is not possible to calculate the value of a liquidity proxy on the rebalancing date, that bond is ignored for that proxy until the next rebalancing date.
Data
The data are downloaded from three different sources. Lehman Brothers provides the International Securities Identification Numbers (ISINs) of the members of their Euro-Aggregate Corporate Bond index. The required characteristics of these corporate bonds are downloaded from Bloomberg. Reuters 3000 EXtra provides daily bid yields of each bond quoted by different pricing sources. The download period starts on 1 January 1999 and ends on 31 May 2001. The ISINs are obtained for 31 May 2000. The total number of bonds on this date equaled 1190. All bonds that are issued in euros directly after the currencyÕs introduction are included in this analysis. Moreover, the yield time series of each corporate bond has at least twelve months history.
Lehman Brothers
Lehman Brothers provides the ISINs of the corporate bonds in their Euro-Aggregate Corporate Bond index. This index serves as a proxy for the investment-grade euro-denominated, corporate bond market. Lehman Brothers imposes a number of criteria before the corporate bonds can enter its index. All bonds must be denominated in euros or in one of the legacy currencies. Further, all bonds are investment grade, have a fixed-rate coupon, at least one-year to maturity and an issued amount of at least 150 million euro. The country of issuance and the country of the issuer are no index criteria. The credit ratings of all corporate bonds are also provided by Lehman Brothers. All ratings are downloaded for 31 May 2000. Due to data limitations, we have kept these ratings unchanged during the whole sample period. Finally, their Euro-Aggregate Corporate Bond BBB sub index is used to construct the FamaFrench credit factor.
Bloomberg
Bloomberg provides the required bond characteristics. Using the ISINs that are given by Lehman Brothers these characteristics are downloaded. In case an ISIN code is not recognized by Bloomberg, the bond data are obtained from Lehman BrothersÕ PC Product system. From the initial 1190 ISINs, three are not available in the Bloomberg data base. The downloaded corporate bond characteristics are: issued amount, issue date, maturity date, currency, call dates, put dates and sinking fund dates. Euro-denominated par swap data, which are used to calculate the two Fama-French factors and the portfolio excess yields, are also downloaded from Bloomberg.
Reuters
Reuters 3000 EXtra provides the bid yields of the selected corporate bonds. Most corporate bond yields in the Lehman Brothers Euro-Aggregate index are bid yields; only newly issued corporate bonds have ask yields during their first month in the index; see Lehman Brothers (1998) . Therefore, we download bid yields from Reuters. For each corporate bond, all pricing sources (also called contributors) are downloaded. We exclude two Reuters pricing sources, the clearing agency ISMA and two anonymous pricing sources from the list of contributors, since they are averages of other pricing sources. The total number of different pricing sources thus obtained equals 74.
From the original 1190 ISINs in the Lehman Brothers Euro-Aggregate Corporate Bond index, 191 bonds cannot be analyzed, because they either have no Reuters Identification Code (RIC) that matches their ISIN or they do have a RIC but no contributor. For the remaining 999 bonds, all bid yields from all pricing sources are downloaded. This means that a number of time series, equal to the number of pricing sources, shows the yield development of each bond. Most bonds are quoted by more than one pricing source.
Results
We first present the results of applying the Fama-French bond-market model to the entire sample and show the extension of this model with portfolio characteristics. Next, the regression results for models 1 and 2 are given. Finally, the performance of the liquidity proxies is compared.
Entire sample
We first test whether the two-factor Fama-French model can be used to describe the average excess yield of all bonds in our sample. This test is relevant, because Fama and French (1993) applied their model to realized returns of US bonds, while we analyze yields of euro-dominated bonds. We estimate the following model:
where the excess yield Y t is the average bond yield (calculated over all bonds in the sample) minus the one-year euro swap rate, the slope factor F 1t is defined as the 10-year swap rate minus the one-year swap rate of the previous day and the credit factor F 2t is calculated as the Lehman Brothers Euro-Aggregate Corporate Bond BBB subindex minus the 10-year euro swap rate. The first row of Table 3 shows the R 2 and the estimated coefficients along with their t-values. The R 2 value is high and comparable to the values reported by Fama and French (1993) . The estimated slope and credit coefficients have the expected positive sign and are highly statistically significant. The intercept is not statistically significant, so that the Fama-French model cannot be rejected for the entire sample.
To test our choice for approximating default-free interest rates with swap rates, regression model (5) is estimated again, but with swap rates replaced by government rates. So, the excess yields and the slope and credit factors are now calculated with government yields. Our proxy for euro government rates is the Lehman Brothers Euro-Aggregate Treasury index. The second row of Table 3 shows the regression results. Both the R 2 and the t-values of the slope and credit factors have decreased compared to the model with swap rates. Moreover, the intercept is now significantly different from zero. Therefore, the Fama-French model should be rejected in case government rates are used as default-free rates. This empirically confirms our choice for using swap rates as proxy for default-free interest rates instead of Treasury rates.
Characteristics
As recommended by Gebhardt et al. (2001) , we analyze the added value of incorporating characteristics into the model. We consider two characteristics:
Rating: rating of the bondÕs issuer at 31 May 2000: AAA, AA, A or BBB. Maturity: the remaining time-to-maturity of a bond, measured in years.
To determine whether a characteristic is important for explaining excess bond yields, we follow the same procedure as for our liquidity proxies, as described in Section 3.2, except that the null model is now the Fama-French model of the previous section. For each characteristic i, we create portfolios and estimate the following regression model:
where the assumptions on the disturbances are equal to those in Eq. (1). For the characteristic rating, we create four portfolios: portfolio 1 contains the AAA-rated bonds, portfolio 2 the AAs, portfolio 3 the As, and portfolio 4 the BBBs. For the characteristic maturity, two portfolios are constructed: portfolio 1 consists of the 50% shortest bonds, and portfolio 2 of the 50% longest bonds.
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The regression results are reported in Table 4 . For rating, we find that the intercepts are larger for lower ratings, although the step from AA to A is very small. All Fama-French factor loadings are significant. The Wald test indicates that the four intercepts are highly jointly significant. For maturity, the intercepts of the portfolios reveal that short-maturity bonds have smaller yields than long-maturity bonds, with an average difference of 38 bps. The null hypothesis that the two intercepts are jointly equal to zero is easily rejected.
From these results, we conclude that the rating and maturity characteristics are important determinants of excess yield in the euro corporate bond market. To make the characteristics operational, we have to transform them to a numerical scale:
Rating: the letters are mapped as follows: AAA = 1, AA = 2, A = 3 and BBB = 4. Although this linearity assumption is somewhat crude, it is not uncommon in the literature. Moreover, since our bonds are all investment grade, and the nonlinearities in S&PÕs and MoodyÕs rating scales are especially apparent for speculative grade ratings, we believe that the linear scale is a reasonable approximation. Maturity: this is already a continuous variable, and thus needs no transformation.
The value of characteristic j for the pth proxy-i portfolio on day t, denoted C i jpt in Section 3.2, is calculated analogously to the liquidity variable L i pt below Eq. (2). For instance, for the characteristic maturity, C i jpt is the average maturity of all quoted bonds in the pth proxy-i portfolio on day t, in deviation from the average maturity of all quoted bonds on day t.
Summary statistics and correlations
For the first regression model, Eq. (1), we create two portfolios for all nine liquidity proxies. In this section, we show some summary statistics for these 18 portfolios and the correlation between the proxies. Table 5 contains several statistics, averaged over the full sample period of 602 trading days. We observe that the average yields and average liquidity proxies for portfolio 1 (containing the hypothesized liquid bonds) and portfolio 2 (illiquid bonds) are quite different. The yield deviations range from À29 bps (for on-the-run) to 8 bps (for number of contributors). Except for the latter proxy, we could prematurely conclude that the liquidity premium is negative, since portfolio 1 has a higher average yield than portfolio 2. However, it is not correct to fully attribute the yield differences to differences in liquidity, since the average maturity and the average rating also vary. Therefore, this table illustrates the necessity of correcting for differences in maturity and rating.
To display the correlation between the proxies, we cannot calculate the ''normal'' correlation (i.e. the Pearson correlation), because 5 out of 9 proxies do not change in value (or only slightly) during the sample period: amount outstanding, listed and euro do not change at all; on-the-run alters only at new issuances; age changes only gradually. What matters for our proxies, is that their values are used to group the bonds into a set of liquid bonds and a set of illiquid bonds. Therefore, we propose an alternative approach to display the ''correlation'' between two proxies. For each proxy i, we create two portfolios as described in Section 3.2. On each day t, we calculate the average value of proxy i over all bonds in portfolio 1 (and denote it by L i 1t ) and similarly for all bonds in portfolio 2 (resulting in L i 2t ). Then, for a second proxy j (6 ¼i), we calculate the average value of proxy j over all bonds in portfolio 1 (denoted by L should have the same sign. Hence, if we count the number of days that this is the case, and divide by the total number of days in our sample, we get a measure of correlation between proxies i and j. This ''correlation'' statistic ranges from 0% to 100%. If it equals 100%, the proxies always result in the same ordering of portfolios 1 and 2, which may be interpreted as perfect positive correlation. However, if this statistic is equal to 0%, then the ordering of portfolios 1 and 2 is always reversed, which could be described as perfect negative correlation. Note that the statistic is not necessarily symmetric: the ''correlation'' between i and j is calculated on portfolios constructed with proxy i, while the ''correlation'' between j and i uses portfolios constructed with proxy j. Table 6 displays the calculated statistics for all pairs. We observe that the ''correlations'' are remarkably high: 23 out of 72 proxy pairs are even equal to 100%, while another 29 are between 90% and 100%. In fact, only 3 ''correlations'' are below 50%: (listed, yield volatility) equals 10%, (yield volatility, listed) equals 21%, and (yield volatility, euro) equals 48%. Since 2 out of 3 involve the proxy listed, for which we do not find significant results (see Table 7 below), these low ''correlations'' do not worry us. The vast majority of the ''correlations'' are substantially above 50%, implying positive relationships between the proxies. Table 7 displays the results of estimating model 1 for all liquidity proxies; recall from Section 3.2 that the Fama-French factors have portfolio-specific coefficients and the characteristics common coefficients. All Fama-French factor loadings are statistically significant and have the expected positive sign. The same holds for the coefficients of the rating and maturity characteristics (with one exception: the rating coefficient for issued amount is insignificant at a 95% confidence level). All R 2 -values are around 98%.
Model 1
Except for the liquidity proxy listed, all intercept pairs are jointly statistically different from zero at a 95% significance level, as evidenced by the p-values of the Wald statistics. This indicates that the remaining eight proxies are indeed able to separate the bonds in our data set into two mutually exclusive portfolios that have statistically different yields, after controlling for differences in interest rate and credit risk. Next we look at the portfolio intercepts themselves. If our hypotheses on the sign of the Table 7 shows that the premiums for proxies amount outstanding and yield dispersion are the largest with 22.9 and 22.5 bps, respectively, while the premiums for the other proxies are between 13.0 and 18.8 bps. All premiums are statistically significant at the 95% confidence level.
Model 2
For model 2, we create four portfolios since it maximizes the power of the test for the presence of liquidity effects; see Section 3.2. Unfortunately, this means we cannot conduct the test for proxies listed, age, euro and on-the-run since they are all binary variables (ÔlistedÕ versus Ônot listedÕ; ÔyoungÕ versus ÔoldÕ; ÔeuroÕ versus ÔlegacyÕ; Ôon-therunÕ versus Ôoff-the-runÕ). The summary statistics for the other five proxies are shown in Table 8 . Clearly, the differences between the portfolios are now larger than in Table 5 , since we have assigned the bonds to four size percentiles instead of two.
The regression results are displayed in Table 9 . 13 The Wald statistic that tests for the joint significance of the intercept and the coefficient of the liquidity proxy is statistically significant for all five proxies. So, also using model 2, we find statistical evidence of the presence of liquidity effects in our data set. The signs of the liquidity coefficients are positive for four out of five proxies, with number of contributors as only (statistically insignificant) exception. (1)) estimated from two portfolios based on one of the nine liquidity proxies (t-values between parentheses).
b Test on the joint significance of the intercepts (p-value between parentheses). c Difference between the portfolio intercepts in basis points (p-value between parentheses). a Summary statistics of the four constructed portfolios using five liquidity indicators. Portfolio 1 (respectively 4) contains the bonds that are hypothesized to be most liquid (respectively most illiquid).
b Average portfolio yield. c Average time-to-maturity in years. d Average credit worthiness, measured on the following scale: AAA = 1, AA = 2, A = 3, BBB = 4. e Average value of the liquidity proxy. (2)) estimated from four portfolios based on one of five liquidity proxies (tvalues between parentheses). The coefficients and t-values of the Fama-French factors and the characteristics are omitted for space considerations.
b Test on the joint significance of the intercept and the coefficient of the liquidity variable (p-value between parentheses). Table 10 summarizes the results of conducting the pairwise comparisons between the liquidity proxies, as described in Section 3.3. For each proxy i, we count the number of times it adds power to a model that already contains proxy j. We also count the number of times a proxy j is subsumed if it is added to the model of proxy i. Looking at the sum of both counts, we see that proxies yield volatility and number of contributors perform somewhat better than the other four proxies. Since the differences are small, the test does not yield a clear winner.
Comparison
Summary
In this paper, we used the Brennan and Subrahmanyam (1996) methodology to test whether bond market liquidity is priced based on liquidity proxies: issued amount, listed, age, missing prices, yield volatility, number of contributors, yield dispersion, euro and on-the-run. For each liquidity proxy, we constructed mutually exclusive portfolios. The time series of portfolio yields were subsequently used in two Fama and French (1993) regression models, augmented with portfolio characteristics as recommended by Gebhardt et al. (2001) , to control for differences in interest rate risk, credit risk, maturity and rating between the portfolios. We also conducted pairwise comparisons of the liquidity proxies, as proposed by Goldreich et al. (2002) .
The results indicated that the null hypothesis of no liquidity premium should be rejected for eight out of nine liquidity proxies. The premium between liquid and illiquid portfolios depended on the liquidity proxy and ranged from 13 to 23 basis points. The highest premiums were found for the proxies amount outstanding and yield dispersion. The pairwise comparison tests point out that no proxy stands out from the rest. (3)). The table displays the number of times a proxy adds explanatory power to another proxy and the number of times a proxy subsumes another proxy.
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